Abstract A method for non-mechanistic and non-linear modelling of complex biological processes is presented, using the example of the extractive membrane bioreactor (EMB). The model is based on artificial neural networks (ANN), which are able to predict the state of the process from a combination of reactor operational parameters and natural fluorescence fingerprints. Current as well as historic process operation is included in the ANN input vector, in order to account for lag-times within the reactor system and for biofilm dynamics that are dependent on process history. The model is especially relevant for practitioners, as it does not require assumptions on underlying process mechanisms, and it relies on routinely available operational data and on an easy-to-install, non-invasive, in-situ, on-line monitoring method. Moreover, it focuses on the prediction of overall process performance parameters, which are of immediate relevance in practice. The developed model was able to predict the process state very well. Sensitivity analysis revealed that the main impact on process performance stems from process operation rather than the physiological state of the biological culture, and that in the EMB configuration employed process operation history decisively impacts on the process outcome.
Introduction
This study investigates a novel method for modelling complex bioreactor process, using the example of the extractive membrane bioreactor. The EMB has extensively been studied during the past decade and has proven to be effective in the biological degradation of a wide range of organic pollutants in waste water, especially for volatile organic compounds (VOC) as it minimises stripping losses to the environment (Freitas dos Santos and Livingston, 1993 ).
An EMB consists of two membrane-separated compartments, i.e. wastewater and biological compartment, respectively (see Figure 1 ). This is of advantage especially for industrial effluents, which often exhibit hostile conditions (unfavorable pH, high salt contents) towards biological degradation. The membrane has a high affinity for the target pollutant, but is essentially impermeable to ions. The pollutant permeates across the membrane from the wastewater into the biological compartment, where it is degraded by acclimated microorganisms under optimised culture conditions (pH, temperature, nutrients, aeration). A biofilm is commonly formed at the membrane/biomedium interface, which acts as a pollutant sink and thus maintains a high transmembrane concentration driving force. It also reduces VOC stripping as the bulk of pollutant is degraded in the biofilm and thus does not penetrate into the surrounding aerated biomedium. On the other hand, however, thick biofilms add an extra resistance to pollutant mass transfer and can thus decrease the transmembrane pollutant flux.
The apparent complexity of the EMB process, originating from the combination of physical mass transfer phenomena, microbiological culture kinetics as well as process operation, results in very complex mechanistic process models (Pavasant et al., 1996 Pavasant, 1997; Nicolella et al., 2000) . In this work, an alternative non-mechanistic approach to EMB modelling was followed based on artificial neural networks, which has several advantages. While the mechanistic approach seeks to describe explicit biophysical and biochemical relationships within the process, the non-mechanistic approach maps linear and non-linear input-output relationships, which are based on experimental evidence and inherently contain the underlying biophysical and biochemical process phenomena. Although this approach does not aim to describe the latter mechanistically, it utilises the total of experimental evidence for process performance prediction, including phenomena that might commonly be overlooked or simplified in mechanistic models. Moreover, after the neural networks are trained, some mechanistic insight into process interdependencies can be gained by performing a sensitivity analysis (Almedia, 2002) .
The EMB modelling approach aimed at associating experimentally obtained information on both EMB process operation and on physiological characteristics of the microbial culture and the biofilm (ANN inputs) with process performance (ANN outputs). The objective was to predict key process performance parameters solely based on reactor operational parameters and on on-line, noninvasive bidimensional fluorescence fingerprints of the biological compartment (see Figure 2 ).
There are several reasons which make such a model very attractive in a practical context. Firstly, the above data required to predict process performance can readily be obtained during routine reactor operation. Secondly, and in contrast to mechanistic 52 models, no time-consuming model calibration procedures are required, and no assumptions on underlying model parameters need to be made. Process performance prediction can be carried out almost instantly, once a trained and validated ANN is available. Furthermore, the model presented here has the additional advantage of accounting for commonly observed formation of biofilm at the reactor walls, rather than considering only membrane-attached biofilm, as mechanistic models do. Depending on the ratio between membrane and reactor þ tubing surface areas, the contribution of the wall-attached biofilm to overall pollutant degradation may become very significant, as was the case in the presented study.
Methods
A single-tube extractive membrane bioreactor system for the degradation of 3-chloro-4-methylaniline (3C4MA), a toxic pollutant found mainly in industrial effluents, was employed in this study. A tubular polydimethylsiloxane (silicone) membrane of 5 m length was used. The wastewater compartment was operated in single-pass, while the biological compartment was completely mixed due to rapid recirculation between the bioreactor and the membrane module (see Figure 1) . Further details about system set-up, reactor operation, as well as analytical methods are extensively described in Wolf et al. (2001) .
Pollutant concentrations were monitored at the wastewater inlet and outlet, as well as at the outlets (overflow and vent) of the biological compartment. Degradation product concentrations (in the form of chloride and ammonium) were monitored at the inlet and outlet, of the biological compartment. Based on the concentration evolution, pollutant degradation and product formation rates were calculated, as well as the pollutant transfer rate across the membrane.
In parallel with the aforementioned off-line measurements, non-invasive, on-line bidimensional natural fluorescence monitoring of the biological compartment was carried out. This technique allows the analyst to obtain more specific information on biofilm growth and activity, as the recorded fluorescence fingerprints comprise various key intracellular fluorophors that are indicative of the physiological state of both the biofilm and the suspended cells. The concept and set-up of this method are described in detail in Wolf et al. (2001) . Three different locations along the membrane module were monitored, in order to account for possible heterogeneities of the biofilm along its axial direction.
Extractive membrane bioreactor process models were created using the web-interfaced microCortex artificial neural networks toolbox (www.microcortex.com) microCortex relies on fully-connected feed-forward ANNs with error back propagation and one hidden layer. A logistic Sigmoid function is used as the activation function, and conjugated gradients are applied to optimise the synaptic weights. ANN generalisation is optimised applying early stopping by cross-validation, and topology optimisation is carried out using bootstrapping, with the median cross-validated error as selection criterion.
Bootstrapping avoids the possibility of the validation (test) data set not being representative. In order to rule out a bias in test set selection, the validation subset is randomly re-sampled five times for each topology, and the ANN is retrained with cross-validation each time. The median performer is then selected. This procedure is performed for networks with different numbers of hidden nodes, in order to identify the topology with the best performance.
The microCortex software automatically normalises all ANN input data, in order to prevent any scale-dependent bias. Each network output is predicted by an independent ANN. This is to avoid interference between outputs determined with different accuracy. Each of these independent ANNs is trained with the same input data set.
ANN training was based on 232 training records, obtained during a total of seven different EMB runs, where various changes in reactor operational parameters were employed. An overview of the parameters that were used as ANN inputs and outputs, respectively, is provided in Table 1 .
Only those operational parameters that were varied during process operation were included in ANN training. Several time dimensions were considered for each single operational parameter, in order to account for possible lag times and dynamics within the system (Wolf et al., 2004) . Data sets of current as well as historic process operation, dating 1, 2 and 3 sampling events back in time, respectively, were included in the ANN input vector.
The fluorescence fingerprints were pre-treated by principal component analysis (PCA), in order to reduce their dimensionality (Wolf et al., 2003) , and the obtained principal components were used as ANN inputs. In total, 15 principal components were used in ANN training, stemming from all three fluorescence scanning positions monitored.
Furthermore, a non-embedded random input was included in the ANN input vector as a means to check the quality of the ANN, as suggested Almeida (2002) . If the ANN performs correctly, sensitivity towards the random input should be low. In addition, the ANN input vector contained an EMB index, which accounts for the different EMB runs.
Results and discussion
The resulting ANNs were able to predict process performance very well. This is exemplified in Figure 3 , where ANN predicted data are plotted versus experimentally observed values for four different process performance parameters, i.e. 3C4MA degradation rate, 3C4MA transmembrane flux, chloride concentration in the biomedium and ammonium concentration in the biomedium.
Circles denote the ANN training data set, and stars indicate the ANN test set. The latter is a set of data records of ANN input and output parameters, which is not used in ANN training, but serves to validate the obtained model. Once the ANN is trained, the data of the test set input parameters are presented to the ANN, to predict the output (process performance) parameter. The ANN predicted values of the test set are then compared with the experimentally obtained values. This is the ultimate test of the validity of the ANN. 
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The quality of ANN prediction is indicated by the slope of the regression line, as well as the correlation coefficient between observed and predicted data. In an ideal case, where the observed values coincide with those predicted, both ANN quality indicators equal 1. For a closer assessment of the training and test set, separate correlation coefficients were calculated for each of them.
In all four cases presented in Figure 3 , the slope of the regression line through the data points was above 0.9, and hence close to the ideal slope, indicated by a broken line. Especially the prediction of the transmembrane flux of 3C4MA was nearly ideal. In addition, for all process performance parameters the correlation coefficients of the respective training set is above 0.9, which is another indication of the good generalisation of the obtained ANN. Regarding correlation between observed and predicted data of the test set, in all but one cases correlation coefficients close to or above 0.9 were obtained, and the majority of the test set data points were situated within the 95% confidence limits of the residuals (indicted by dotted lines), thus confirming the validity of the ANN model.
The test set of the chloride concentration in the biomedium (Figure 3c ) exhibits a rather low correlation coefficient. A closer analysis revealed that this was caused mainly by two outliers of high magnitude (around 220 and 550 mg/L of observed concentration), though the remaining data point of the test set are largely within the 95% confidence limits of the residuals, so that the overall quality of the ANN can still be considered satisfactory.
Another indispensable part of ANN modelling is the analysis of the sensitivity of the ANN outputs. The objective here was to assess "grouped" sensitivities rather than sensitivities to individual ANN input parameters, in order to elicit how much information for process performance prediction is drawn from operational parameters and from fluorescence-coded information on the physiological status of the system, respectively. Sensitivity to operational parameters was further subdivided, i.e. it was assessed individually for current and historic process operation. The analysis of sensitivity of process performance to individual operational parameters is the subject of a separate paper (Wolf et al., 2004) . Figure 4 depicts the sensitivity of the seven different process performance parameters mentioned in Table 1 on a relative scale. The difference to 100% accounts for the combined sensitivity to the EMB index and the random input (see Table 1 ), which are not analysed explicitly in this context. Figure 4 shows that process performance prediction is dominated by the influence of the process operational parameters. The sum of historic and current process operation accounts for more than 76% of sensitivity in all cases, and up to 88% in the case of the ammonium concentration in the biomedium. Interestingly, the history of process operation has a considerable impact on the process, ranging from about 38 to 67% of total sensitivity, depending on the process performance parameter.
The reasons for this are discussed in detail in Wolf (2003) and Wolf et al. (2004) and can be summarised as follows. On the one hand, the dependence on process history is likely to be due to lag times, which arise intrinsically in a mass-transfer driven membrane process.
On the other hand, in the EMB configuration employed (long membrane, single-pass operation of the wastewater compartment), the succession of different combinations of operating parameters may lead to spatially different dynamics of the biofilm along the membrane module. These are caused by changes in the longitudinal concentration gradient in the wastewater compartment, for example upon changing the pollutant concentration in the wastewater inlet or the wastewater flowrate, which in turn impacts on the transmembrane concentration gradient and thus on carbon source availability for the biofilm. The ability of the biofilm to cope with this kind of process operation dynamics greatly depends on the physiological state of the biofilm at that particular moment, which, in turn, is influenced by the previous "historic" set of reactor operating conditions.
Although the sensitivity of process performance prediction to the fluorescence information is lower than that to the operational parameters, it is nevertheless significant, indicated by its value of up to 12%. This underlines the importance of including information on the physiological state of the biofilm and the suspended biomass in the bulk liquid in Figure 4 Sensitivity contribution of fluorescence fingerprints (PC) and historic (historic OP) and current process operation (current OP) to the prediction of 7 different process performance parameters (numeration of process performance parameters as in Table1).
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the model. The advantage of the fluorescence method applied is that this information is obtained in a straightforward manner, i.e. real-time, on-line, in-situ and non-invasively.
Conclusions
Based on non-mechanistic, non-linear artificial neural networks it was possible to correctly predict the performance of the extractive membrane bioreactor process from a set of key process operational conditions and from natural fluorescence. No assumptions on underlying process mechanisms were necessary, which makes this approach especially interesting for application in a reactor-tailored practical context.
The EMB process analysed was found to be highly dependent on process operation history due to the reactor configuration employed and due to lag-times arising in the system. The presented ANN training technique, using historic datasets of process operation as ANN input data sets, provides a straightforward way of accounting for these dependencies and utilising them for process performance prediction.
A common criticism among practitioners is that mechanistic models of biofilm processes most often concentrate on micro-scale biofilm transport mechanisms and kinetics, without taking the macro-scale process operation into account. The latter may, however, influence process performance more significantly on an overall process scale (Morgenroth et al., 2000) . This is clearly in-line with the results obtained in this study, which indicate an influence of process operation up to 12.6 times higher than that of fluorescence-coded biofilm physiology.
The presented study meets this criticism by including information on both process operation and biomass physiology in the model, and by concentrating on the prediction of process performance parameters of immediate interest in the context of practical reactor operation. Moreover, the information needed to predict process performance is either routinely available (process operational parameters) or can be elicited in an almost instantaneous and non-invasive manner, without disrupting the biofilm or disturbing the process in course, which may save considerable manpower and analytical expenditures that would otherwise be needed for off-line process monitoring.
This modelling method is not limited to the EMB process, but is easily extendable to other complex biological processes.
